This work proposes a framework using temporal data and domain knowledge in order to analyze complex agronomical features. The expertise is first formalized in an ontology, under the form of concepts and relationships between them, and then used in conjunction with raw data and mathematical models to design a software sensor. Next the software sensor outputs are put in relation to product quality, assessed by quantitative measurements.
• to describe the experimental design with its input and output variables
73
• to formalize eco-physiological knowledge using an ontology
74
• to design a software sensor using formalised knowledge, a mathematical 75 model, and data
76
• to relate software sensor output to product quality using decision trees 77 and functional analysis. Expert knowledge plays an essential part in the modeling process, and
79
we focus on providing an efficient way to separate the data-based statistical 80 procedures from the qualitative knowledge-based assumptions.
81
The outline of the approach is given in Fig 
Fruit composition quality data

168
Starting two weeks before harvest, fruit was sampled for each irrigation 169 treatment in each vineyard. Fruit data was collected at three different dates.
170
Fruit composition analysis focused on berry weight (g), sugar concentration
171
(g l −1 ), acidity (gH2SO4 l −1 ), anthocyanes and assimilable nitrogen (mg l −1 ).
172
Formalizing knowledge
173
In this section, our aim is to show how ontologies can be used to formalize 174 domain knowledge and to design a software sensor.
175
In information science, an ontology formally represents knowledge as a set 176 of concepts within a domain, and the relationships between pairs of concepts.
177
Ontologies are becoming increasingly popular, due to the great amount 
184
The main incentives for using ontologies Guarino et al. (2009) tuple Ω = {C, R} where C is a set of concepts and R is a set of relations.
197
Let us comment the main concepts and relations. 
210
• The Constraint concept is defined with a comparison operator and one 211 operand. It will be used together with the hasConstraint (HCS c ) rela-212 tion, defined in Section 2.2.2. The Restriction concept is a subconcept
213
of Constraint, and is a specific two-fold constraint.
214
• The ShiftStage concept is proposed in order to determine a phenological by , defines a partial order over C. Given a concept c ∈ C, we denote 226 by C c the set of sub-concepts of c, such that:
For example, in Figure 2 , let us consider the concept c = pending on some other concepts.
232
• The subsumption relation can be multiple. For instance a P henological
233
concept can be such as c CV ariable or c M V ariable.
234
• The isBefore relation allows to represent temporal precedency. It is dates, where bloom has to occur before veraison, and so on.
237
• The HasCondition (HCO c ) relation, where c represents the concept on 238 which the condition is to be applied, is used together with a condition.
239
• Similarly, the HasConstraint (HCS c ) relation allows the application of 240 a constraint on the c concept.
241
Examples of use will be given in Section 2.3.2.
242
The ontology is modelled using the Web Ontology Language (OWL).
243
OWL is a semantic markup language for publishing and sharing ontologies 244 on the World Wide Web, which is specified using W3C 1 recommendations.
245
The use of OWL allows reusing ontologies developed elsewhere, such as OM. into a vine water deficit estimator, denoted by Ks(t).
256
The different steps of the methodology used to design Ks are summarized 257 in Fig.3 and detailed in the following subsections. Ks is the ratio between actual and maximum crop transpiration, defined 260 as: 
Meteorological station
Field experiment → Measurements and Observations
Ontology of Vine Water Stress
Leaf water potential where f (t) is assumed to be linear in t, and t K * is the breakpoint for which
286
Kc B reaches the plateau K * . The key point is to set t K * , or indifferently K * . According to Eq.3, we make the hypothesis that, in the absence of water 288 deficit, K * is defined as:
Using the OVWS ontology defined in Section 2.2, the following rules are 290 set up to automatically define a limited number of potential options for t K * .
291
The interest of having the rules and concepts defined in an ontology is two- 
where ε i is a random error, β 0 is the intercept of the model and β(t) is the 425 coefficient function, both unknown and to be estimated from independent where |β(t)| is large. On the opposite, X i (t) has no effect on Y i over regions above, X i (t) has no effect on Y i when β(t) = 0. The second assumption is will have a high explanatory capability, contrary to a pure predictive model.
444
These assumptions will constraint the estimation of the regression model (7), 445 which corresponds to a penalized regression in sparse models. Two tuning 446 parameters have to be fixed, a penalty term σ and a weight ω. The penalty 447 term is part of the model selection process (by lasso or Dantzig selector).
448
The largest the σ, the more the form-related constraint is enforced. The 
451
The FLRTI method is implemented in an R function available on J.
452
Gareths's web page 3 . A cross-validation algorithm is also proposed to opti-453 mize the choice of σ and ω.
454
Using the FLRTI method, we analysed the effects of water stress curve 
Results
458
In this section, we first present the results of the Ks(t) estimation using 459 the software sensor. In a second step, we study the relationship between 460 Ks(t) and grape quality features, using the methods described in Section 2.
461
In the following, we will refer to irrigated treatments with i 1 , and to non 462 irrigated ones with i 0 . (Fig.5) . The results are given in Table 2 .(b) with existing literature. Indeed, most of t K * occurred between 600 and 700 and in FAO-56 Allen et al. (1998) , that respectively reported t K * around 650
495
GDD and 555-592 GDD after budbreak. 
500
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540
and Sugar Concentration in berry at harvest.
541
Regarding Berry Weight, the results showed no significant effect of Ks(t).
542
This was confirmed by applying a specific testing procedure designed for 543 functional linear models, see Hilgert et al. (2013) .
544
Results of the functional data analysis on the effect of Ks(t) on Sugar Concentration which can be positive (peaks (1) and (3)) or negative (peak
552
(2)).
553
Peaks (1) and (3) are positive, which implies a rise in Sugar Concentra-554 tion. During these periods, the stronger the Ks value, the higher the rise.
555
As Ks varies inversely with water stress, it means that the lower the water 556 stress during these periods, the higher the rise in Sugar Concentration. The 557 effect is twice as strong for the peak (1) than for the peak (3).
558
Regarding the time period, peak (1) appears to be located before pre- 
Conclusion
565
The work presented in this paper used formalized knowledge and math-566 ematical models to design a software sensor from raw data and relate its 567 temporal output to product quality. The proposed approach has been ap-
568
plied to the case of a vine water stress indicator, and its relation to two grape 569 quality variables: Berry Weight and Sugar Concentration.
570
Results provide a number of meaningful insights.
571
First of all, the software sensor key point, which is the determination of 
